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Abstract—This paper discusses voltage regulation using on-
load tap changers (OLTC) with line drop compensation (LDC)
on low-voltage distribution networks with a high penetration of
photovoltaic generation (PV). Load flow simulations show that
PV generators affect the performance of classical LDC in a
negative way. However, when a database exists where voltages
measured by smart-meters are stored, Least-Squares support
vector machines (LS-SVM) can be used to estimate the maximum
and minimum voltage in the system, without needing a grid
model, nor real-time communication. Control of the OLTC can
then be executed to widen the gap between the system voltage
and the acceptable limits, based on the maximum and minimum
system voltage estimates.
Index Terms—Least-squares support vector machines, on-load
tap changer, line drop compensation, photovoltaic generation
I. INTRODUCTION
High penetration of distributed photovoltaic generators
in low-voltage distribution networks challenges future grid
operation. Their introduction in the grid causes a reduction,
or even a reversal, of the real power flow in the low voltage-
network. A reverse power flow results in a voltage rise across a
distribution feeder. Distribution System Operators (DSO) have
to comply with national standards to keep the voltage within
acceptable limits [1]. DSOs are interested in an economical
solution with high reliability and controllability to cope with
the increasing amount of PV generation. The solution must
be applicable for a high variety of distribution grids, with
possible unknown or non-digitized topology. An on-load tap
changer (OLTC) can be an economical efficient solution when
the additional costs for the OLTC and the necessary ICT are
limited [2]. In this paper we propose a method to control the
OLTC which does not rely on real-time communication and
therefore has a high reliability and reduced cost for the ICT.
The tap changing of the OLTC is carried out in order to
maintain the grid voltage between limits for all customers.
The use of an OLTC can significantly increase the maximum
amount of distributed generation that can be connected to
the network without disrupting voltage regulation [3]. No LV
OLTC are used today in LV grids in Flanders, however they
are already commercially available [4]. Also in [5] an adapted
LV substation equipped with OLTC was developed.
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Two classic voltage control methods for OLTCs exist
[6]. The first method keeps the voltage at the LV side of
the transformer constant. Tapping actions are performed by
feeding-back the measured voltage at the secondary side of
the transformer. Only voltage variations occurring in the MV
voltage level and the voltage drop over the transformer are
compensated. The other method is the line voltage drop
compensator (LDC). A LDC measures the total current flow
through the transformer and adapts the sending voltage based
on a proportional relationship with the current flow. PV
generators cause a reduction or reversal of this flow, resulting
in a more complex voltage profile across the feeder. This
might decrease the performance of the LDC. Therefore, it is
often suggested to coordinate the LDC with the DG output to
ensure proper voltage regulation [7]–[9]. Another approach is
applied in [8] and [9]. Here, the voltage is measured at various
points in the grid, to make it easier to control the voltage at
other points in the grid, requiring a real-time communication
channel. A full state estimation to optimally control the OLTC
is applied in [10] for MV grids. This requires a complete
grid model and real-time communication of measurements or
pseudo-measurements.
This paper proposes a method to estimate, at the substation,
the extreme states of a grid with a high penetration of PV.
This is done based on a database of previous measured states,
without having a network model, nor real-time communi-
cation. Based on the minimum and maximum voltage, the
OLTC is controlled. The focus of this paper is on rooftop
PV installations, as these are the strict majority of installed
distributed generators in the Belgian low-voltage network.
II. SIMULATED NETWORK
The network used in simulations is a 3-phase 4-wire net-
work and consists of an OLTC to which three different feeders
are connected. The cables of feeder 1 and 3 are of type EXVB
1 kV 4×70mm2. The cables of feeder 2 are of type EAXVB
1 kV 4×150mm2 except for the first 50 meters of cable
after the busbar, which is of type EAXVB 1 kV 4 × 95
mm2. Cable properties are defined in table I. The impedance
values are calculated according to design specifications in the
Belgian standard for underground distribution cables NBN
C33-322 [11] with an assumed operating temperature of 45 ◦C.
Feeder 1 and 2 were found to be vulnerable for power quality
problems with increasing amounts of PV generation [12].
These are existing feeders in Flanders and are connected to
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Fig. 1. The network used in the simulations. All lengths are drawn on scale.
TABLE I
CABLE PROPERTIES OF THE SIMULATED NETWORK
Properties Value Unit
Impedance of EXVB 1 kV 4 × 70 mm2 0.268+0.078j [Ω/km]
Impedance of EAXVB 1 kV 4 × 95 mm2 0.352+0.078j [Ω/km]
Impedance of EAXVB 1 kV 4 × 150 mm2 0.227+0.078j [Ω/km]
one substation to obtain a representative network. In feeder 1
and 2 all households have PV generation, whereas in feeder
3 only half of the houses have rooftop PV panels installed.
As the geographical area was small, the power output of all
PV installations relative to their rated capacity was considered
as being equal. The PV operated at unity power factor. All
households have a single-phase connection with a nominal
line-to-neutral voltage of 230 V and are equally spread across
the three phases. The voltage at the primary side of the
transformer is assumed to be 1 p.u. Statistically representative
residential load profiles are available to perform load flow
simulations [13]. The voltage is limited to ± 10 % of the
nominal voltage. In this research, it is assumed that smart
meters are widespread throughout the grid, and are able to
measure voltage. The DSO, or a third party, is responsible
to collect the data regularly (i.e. monthly) and store them in
a database. The DSO can access the values in the database.
There is no real-time communication needed between the
smart-meters and the DSO, reducing cost and complexity. The
substation is equipped with a current transformer on each
feeder.
III. LINE DROP COMPENSATION (LDC)
A. Classical LDC voltage regulation
The classical LDC method estimates the magnitude of
the voltage at an end customer, and controls the OLTC to
compensate the voltage. The estimated voltages are calculated
by [6]
Vr = V − (R+ jX)I (1)
Where Vr is the end customer voltage, V is the sending
voltage, I the current measured at the beginning of the feeder
in the substation and (R + jX) the equivalent impedance of
the distribution line (or the relay compounding settings [14]).
By adapting the equivalent impedance, the estimation of the
voltage is controlled. However PV generators reduce or reverse
the active power flow, making the measured feeder currents no
longer proportional to the load current. This way, the customer
end voltage might be wrongly estimated.
B. Influence of PV location
The location where the PV generators are installed across
the feeder significantly influences the voltage profile. When
all PV generators are installed at the end of the feeder, the
impedance faced by the generated power is higher than when
installed in the beginning of the feeder, and so the voltage rise
over it as well. This is shown in Fig. 2, where the voltage of an
end customer is simulated as a function of the active current
measured at the substation for a typical week in spring. The
simulated feeder is feeder 3 of Fig. 2. 50% of the houses
in this feeder are equipped with a PV generator. In case all
PV generators are installed at houses in the beginning of the
feeder, the end customer voltage is clearly lower than when
installed at the end of the feeder. The MV voltage level is kept
constant in the simulation for generating this figure.
C. Optimal Classical LDC settings
It is clear from Fig. 2 that the relation between active current
measured at the substation and the end customer voltage
depends on the location of the PV installations. This results in
a deteriorated performance of the classical LDC when this is
not taken into account when defining the equivalent impedance
of the distribution line.
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Fig. 2. End customer voltage as a function of the active current, for PV
installed at the beginning and at the end of the feeder.
The voltage difference between the end customer voltage
and the sending voltage can be approximated by [15]:
|Vr| − |V | ≈ −RIact −XIreact (2)
When the smart-meter measured voltages are regularly read
out and stored in a database, the optimal equivalent impedance
of the classical LDC can be estimated in a linear least-squares
sense. Which has as solution:
[
R
X
]
=
(
[IactIreact]
T
[IactIreact]
)−1
[IactIreact] [|V | − |Vr|]
(3)
Where Vr is a vector containing the end customer voltages
for a period, which was stored in the smart-meter database and
accessed by the substation voltage estimator. V is a stored
vector of the sending voltages. Iact and Ireact are stored
vectors containing the measured active and reactive currents. R
and X are the parameters to estimate. Note that when historical
data is available, no knowledge about the grid is required to
define the optimal equivalent impedance of the distribution
line.
When expert knowledge is available, this can be incorpo-
rated in the identification of the optimal equivalent impedances
by rewriting (3) as a constrained convex optimization prob-
lem. In case an expert has defined limits on the equivalent
impedance and the XR -ratio, the problem becomes:
min
R,X
‖|Vr| − |V |+RIact +XIreact‖2
subj. to Rmin ≤ R ≤ Rmax
Xmin ≤ X ≤ Xmax
X = cR;
(4)
where Rmin and Rmax are the lower and upper bound on
the equivalent resistance, Xmin and Xmax are the lower and
upper bound on the equivalent inductance and c is the required
X
R -ratio.
From the right side of Fig. 2, it is clear that when there is
no generation, i.e. at the evening, the equivalent impedance is
independent of the location of the installed PV, whereas during
generation, the equivalent impedance depends on the location.
Therefore, these parameters behave nonlinear. Besides that,
in unbalanced 3-phase 4-wire grids, power consumption in
one phase affects the phase voltages of the other phases
due to the voltage drop over the neutral conductor [16].
Performance of the end customer voltage estimation will be
limited when only the transformer current of the respective
phase is taken into account to obtain the voltage estimation.
A more accurate estimation of the end customer voltage can be
done with nonlinear regression techniques, which take as input
all the measured currents and time. Traditional least-squares
do not map data in higher dimension spaces and assume linear
behavior, hence LS-SVM can be used as a more general and
flexible treatment on this regression problems.
D. LS-SVM for the estimation of system voltages
A LS-SVM is a supervised kernel based learning method
that can be applied for regression [17]. Given a set of training
data (xi, yi), where xi are input vectors and yi are the
corresponding output values, the least-squares support vector
regression solves an optimization problem [17]:
minimize
w,b,e
1
2
wTw + γ
n∑
i=1
e2i
subject to yi = wTϕ(xi) + b+ ei
(5)
Where xi is mapped to a higher dimensional space by
the function ϕ. The parameters that control the regression
quality are the cost of the error γ and the mapping function
ϕ. The inner product of the mapping functions is defined as
the kernel. With the obtained LS-SVM parameters w and b
or with the dual variables of the optimization problem the
output for new inputs can be calculated [17]. The Radial Basis
Function (RBF) kernel is applied, which has one controllable
parameter. The applied LS-SVM has two tuning parameters
to obtain a good regression quality: the cost of error and the
RBF kernel parameter. Selection of the tuning parameters is
done by cross-validation. The active and reactive current of all
phases of all feeders are measured at the substation and are
the input xi for the LS-SVMs. Time is also included in this
paper as input, as most customers have a time-dependent and
repetitive consumption profile. Their location across the feeder
results in an influence of time on the relationship between the
measured current and the end customer voltage. Also, the PV
power output is clearly time-dependent, due to the location
of the sun. Historical end customer voltage measurements are
the corresponding output values yi used for the training of the
LS-SVM. The solution of the optimization problem is obtained
by the LS-SVMlab toolbox [18]. With the resulting LS-SVM
parameters the estimated output voltages for new inputs can
also be obtained with this toolbox.
Fig. 3 shows the end customer voltage for a typical spring
day, together with the LS and LS-SVM estimate. The LS-SVM
has as input the currents of all the three phases measured at
the busbar, as well as the time, whereas the LS estimate only
has the current measured at the busbar of the same phase as
the end customer is connected to. The LS-SVM method has a
27% smaller sum squared error. So, even when the classical
LDC settings are optimally chosen in a LS sense, a LS-SVM
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Fig. 3. Estimate of the end customer voltage by LS and LS-SVM.
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Fig. 4. System maximum and minimum voltage estimate by two LS-SVMs.
results in a better estimation of the end customer voltage. The
LS and LS-SVM are trained based on data of the two previous
months.
LDC regulation is more complicated when multiple feeders
controlled by one LDC are loaded differently. With distributed
generation, it is not sure that the end nodes are facing the
maximum or minimum voltages. When controlling the OLTC,
what is of interest is the maximal and minimal voltage
occurring in all feeders. Therefore it is preferred to estimate
the maximum and minimum voltage across all feeders instead
of estimating the end-customer voltage. The maximum and
minimum of the whole system could be estimated by only 2
LS-SVMs. Fig. 4 compares the estimates of the maximum and
minimum voltage with the actual values. The LS-SVMs are
trained based on the data of the month before.
IV. CONTROL OF THE OLTC
Based on the obtained estimates of minimum and maximum
voltage occurring in the system, the optimal tap can be se-
lected. The purpose of the tapping in this paper is to maximize
the gap with the upper and lower limit of the allowable voltage.
For example, when the minimal voltage in the system is close
to the lower allowed limit, whereas the maximum voltage in
the system has a big margin towards the upper limit, the
sending voltage should be increased. Therefore, tapping is
done based on the following formulas:
Tap up when:
Marginhigh −Marginlow ≥ BW.4 taphigh (6)
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Fig. 5. Maximum and minimum voltage in the system with and without
OLTC.
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Fig. 6. Tap position.
Tap down when:
Marginlow −Marginhigh ≥ BW.4 taplow (7)
Where Marginhigh is the margin between the estimated
maximum system voltage and the allowed upper limit [1],
Marginlow is the margin between the estimated minimum
system voltage and the allowed lower limit, 4taphigh is the
voltage difference between the actual tap and a higher tap,
and 4taplow is the voltage difference between the actual tap
and a lower tap. The amount of tapping can be controlled by
the bandwidth BW . Preferably, Marginhigh and Marginlow
are equal, as this maximizes the gap with the limits. When
the difference between the two margins becomes larger than
the voltage difference between two taps, changing the tap will
widen the gap with the limits.
By increasing the bandwidth, the amount of tapping will be
reduced. In this simulation the OLTC is equipped with 3 taps
of 230V ± 2.5%. This is sufficient to avoid voltages rising
or dropping to critical levels of 230V ± 10%. The LS-SVMs
are trained based on data from the two previous months, the
bandwidth is chosen equal to a factor of 1.5 as this sufficiently
avoids frequent tapping. Fig. 5 presents the maximum and
mimimum system voltage with and without the OLTC for a
simulation of one week. In Fig. 6 the according tap position
is shown.
The optimal tap is not selected based on system losses.
The influence of a voltage change at the secondary of the
transformer on the system losses depends on the assumptions
made. Resistive loads will consume more power when the
voltage increases and so will create more losses. When the
voltage increases in case of constant power loads or generators,
the losses will reduce due to smaller currents.
V. ADVANTAGES
The main advantage of the proposed algorithm is the limited
amount of information necessary for the operation of the
OLTC. Grid topology information is not required for this al-
gorithm. No real-time information needs to be communicated.
Local measurements in the substation are sufficient. The LS-
SVM estimates the system minimum and maximum voltage
and therefore takes into account different feeders that might
behave different. Regularly (i.e. monthly), the LS-SVM should
be retrained based on the stored data, to cope with changes
in consumer and generator behaviour due to seasonal effects.
Only at this moment the substation should communicate with
a time-stamped database where the voltages measured by the
smart meters are stored. Limitation of the communication
requirements is crucial for a successful integration of OLTC
in the distribution network, as the economic efficiency of the
OLTC for the distribution transformer is strongly dependent
on the additional costs for the necessary ICT [2].
One of the other main concerns in smart grids is the privacy
of the customers [19]. Power signals expose customer habits
and behaviors. As only the voltage at the point of connection
is required, privacy of the customers is guaranteed. Besides
that, it is not required that the voltage logger of the customer
is continuously connected over a vast network. The data can
be send in a batch. This reduces the vulnerability for malicious
hackers. Finally, as the system is not dependent on real-time
communication, the reliability is increased.
Another application of this research can be as a backup of
a real-time communication-based system that has failed, while
the system still needs an estimation of its state at the substation
to perform tapping of an OLTC or to take other measures.
For this algorithm to work properly, some requirements
should be met. First of all, currents and voltages need to be
measured in each phase of each feeder at the substation, while
smart meters measure the voltage throughout the grid. An
important issue is the time delay between the measurements
taken at the different locations. All these measurements in
the LV grid should be time stamped. It is, however, not
necessary to have information of the location or the phase
of the smart meter. Only the system minimum and maximum
voltage measured needs to be stored in a database, together
with the measured currents and voltages at the substation. This
reduces the required database capacity.
VI. CONCLUSION
Performance of classical LDC with an OLTC is reduced
by PV generators. When a database of measured voltages is
available, the LDC settings can be defined by least squares.
LS-SVM generally performs better in estimating voltages in a
feeder. This paper proposes to use two LS-SVMs to estimate
both maximum and minimum voltage across a low voltage
network. This estimate is used to widen the margin to the
voltage limits by tapping the transformer. Simulations show
that controlling an OLTC based on estimates of LS-SVMs will
significantly improve the margin towards the voltage limits,
without requiring any information about the grid topology
or real-time communication. Furthermore this concept has
important end-user privacy advantages.
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